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Researchers interested in examining a given species of interest (or target species) that lacks complete
sequence data can infer some knowledge of that species from one or more related species that has
a complete set of data. To infer knowledge, it is desired to compare the available sequence data
between the two species to find orthologs. However, without complete data sets, one cannot be
certain of the validity of the detected orthologs.
Using ortholog detection systems in concert with species’ mapping data, researchers can find
regions of shared synteny, allowing for more certainty of the detected orthologs as well as allowing
inference of some genetic information based on these regions of shared synteny. A pipeline software
solution, Detection of Orthologs via Genetic Mapping Augmentation (DOGMA), was developed for
this purpose.
DOGMA’s functionality was tested using a target species, Phaseolus vulgaris, which only had
partial sequence data available, and a closely related species, Glycine max, which has a fully se-
quenced genome. On sequence similarity alone, which is the standard technique for detecting or-
thologs, 205 potential orthologs were detected. DOGMA then filtered these results using mapping
data from each species to determine that 121 of the 205 were quite likely true orthologs, referred
to as putative orthologs, and the remaining 84 were categorized as reduced orthologs as there was
either insufficient information present or were clearly outside a noted region of shared synteny. This
provides evidence that DOGMA is capable of reducing false positives versus traditional techniques,
such as applications based on Reciprocal Best BLAST Hits. If we interpret the output of the Or-
tholuge program as the correct answer, DOGMA achieves 95% sensitivity. However, it is possible
that some of the reduced orthologs classified by DOGMA are actually Ortholuge’s false positives,
since DOGMA is using mapping data. To support this idea, we show DOGMA’s ability to detect
false positives in the results of Ortholuge by artificially creating a paralog and removing the real
ortholog. DOGMA properly classifies this data as opposed to Ortholuge.
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Life scientists often study model organisms, so named because there is an abundance of biological
data available about them, with the expectation that they can use results to infer knowledge in
other, related organisms.
For example, with regards to crop plants, there is an abundance of genetic data pertaining to
several species, such as Medicago truncatula; Arabidopsis thaliana; and Glycine max, but relatively
little genomic data on Pisum sativum (pea) or Lens culinaris (lentil), crops with obvious importance.
This opens the door to the field of comparative genetics. In essence, researchers can look to related
model species and infer genomic knowledge of their species of interest.
In situations where the complete genetic sequence or complete mapping data of a species of
interest (or target species) is not available, a closely related model species can be used to infer a
degree of genetic information pertaining to a species of interest. One task comparative geneticists
would like to do is to detect orthologs from related species and then use the orthologs to locate and
compare regions of shared synteny between organisms (the concepts of orthology and synteny are
defined in Chapter 2). This allows the geneticist to make inferences regarding locations of genes
on the genomes of interest based on the regions of shared synteny of a model species. There does
not yet exist any single pipeline which will perform all of these operations.
1.2 Motivation
As described above, life scientists often study their target species by way of a model organism
using comparative genomics. A plant breeder, for example, might wish to improve efficiency in
selection by selecting for a genotype (an organisms genetic makeup) rather than a phenotype (an
organisms outwardly displayed characteristics). Hypothetically, selecting for a genotype as opposed
to a phenotype could allow for a more precise breeding program, where selecting by phenotype alone
may have un-intended consequences as selecting for a phenotype may involve masking of the true
genotype by environmental influences thereby causing over or under expression of some key genes.
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The breeder of a crop for which there is little genomic information may be looking for a few key
traits to manipulate and the most efficient way to search for these could be by comparisons to a
closely related species for which more genomic information is available. One method for locating
key genes in a target species is by comparing the target species to a related model species and
searching for copies of genes, called orthologs, and then inferring target gene locations based on
surrounding orthologs. Though it is a smaller piece of the overall solution, it is this type of accurate
ortholog detection that plant breeders would depend on for improving a plant species.
“A major challenge for comparative legume genomics is to translate information gained from
model species into improvements in crop legumes” [45]. The motivation for this thesis is an attempt
to improve upon existing ortholog detection techniques to better solve this problem.
1.3 Objectives
The overall objective of this thesis project is to design a tool to allow life scientists to compare
syntenic relationships between a model species and related species of interest. A second objective
of this project is to deal with the possibility of varying ploidy levels that may arise between the
model species and a related species. Further, the relationship between model and related species
can present several issues, such as dealing with large sets of heterogeneous data and ensuring correct
detection of orthologs and the detection of regions of shared synteny, which must be addressed.
The developed pipeline coordinates multiple data sets from three species (target species, model
species, and more distantly related species), detects potential orthologs, filters orthologs using
genetic mapping data, and produces a graphical map displaying the correlations between species.
Essentially, the pipeline automatically detects putative orthologs and produces graphical rep-
resentations of the comparable portions of the target genomes, thereby enabling life scientists to
compare syntenic relationships between species. Ultimately, this could allow researchers a more
narrow scope to use for locating specific genes on a target species. In the absence of a pipeline, the
user would have to find and use an ortholog detection program, analyze the results manually, find
and use a map visualizing program and manually filter the results. This system will remove the
need for such manual labour and present data to the user with a high degree of accuracy.
This thesis builds on existing ortholog detection algorithms and additionally attempts to lower
the number of false positives found by using regions of shared synteny of genetic maps to infer
additional knowledge regarding the true nature of the orthologs.
The pipeline developed for this thesis is species independent, so that it can be widely used by all
life scientists wishing to compare model and related species. We test this tool using specific plant
species, but are not restricted to these plants, or even restricted to plants in general. The purpose




In this chapter, we describe all biological and computational preliminaries needed for this thesis.
Section 2.1 illustrates the basic biological concepts needed. Section 2.2 provides an overview of the
necessary bioinformatics algorithms. Then, Section 2.3 provides an overview of existing software
solutions in the same genre of those used in this thesis. Lastly, Section 2.4 provides an overview of
the species chosen for testing the pipeline developed in this thesis.
2.1 Genetics
2.1.1 Genes
A gene is a sequence of nucleotides located on a chromosome which is the functional unit of inher-
itance and controls transmission and expression of one or more physical traits [4]. Nucleotides are
the base molecules for deoxyribonucleic acid (DNA) and ribonucleic acid (RNA); they are adenine,
cytosine, guanine and thymine for DNA and in the case of RNA thymine is usually replaced with
uracil. The abbreviations A, C, G, T and U are used to represent each of the nucleotides in a
sequence.
The central dogma of molecular biology states the procedure by which DNA is converted, via
transcription and translation, into proteins. The sequence of nucleotides (genes) can be transcribed
from DNA into RNA which, in turn, can sometimes be translated into a string of amino acids
known as a protein. There are regions of DNA found between the genes which are not transcribed,
formerly known as ‘junk DNA’, but are now referred to as non-coding DNA.
2.1.2 Linkage
Genetic linkage, refers to the association of genes on a chromosome [31]. For the concept of linkage,
rather than considering gene sequence, we consider gene locus (plural loci)– the location of a gene
on its chromosome. Linked genes do not usually follow the Mendelian principle of independent
assortment [20], which states that genes assort independently of each other during meiosis. Instead,
linked genes appear together in a set of progeny more frequently than is expected [9]. That is, genes
3
on separate chromosomes will be separated or grouped with equal likelihood during meiosis, and
genes which group together more than this expected frequency are said to be linked and are very
likely to be located close to one another on the same chromosome.
2.1.3 Recombination
A species is said to be diploid when there are 2 complements (2n) of chromosomes in its somatic
cells and one complement (n) in its gametes. For example, Phaseolus vulgaris is a diploid species as
it has 22 chromosomes (n=11) [5]. Each chromosome in a pair of chromosomes, called homologous
chromosomes, carries the same set of genes as the other, however, there may be some variation
within a given gene [9]. These two variations of the same gene are referred to as alleles [9].
Typically, these alleles are represented with single letters, such as those in Figure 2.1. Diploid
species can have up to 2 alleles per gene in an individual.
Recombination is an event in which one portion of a chromosome is traded with its homolog
during meiosis. These recombination events, also known as ‘crossing over’, are processes which
increases genetic variability [9]. The gametes resulting from these crossing over events are referred
to as recombinants. They will have characteristics different from its parents. An example of
recombination events is illustrated in Figure 2.1. Intuitively, if a pair of genes are closer together,
then they are less likely to have a crossing over event between them than a pair of genes that are
farther apart on a given chromosome, as shown in Figure 2.2.
Multiple crossover events, such as the example displayed in Figure 2.3, are important consider-
ations with regards to genetic mapping, see Section 2.1.4.
2.1.4 Genetic/Linkage Mapping
Intuitively, genetic linkage maps are akin to road maps of a specific genome. Visually, they appear
as a set of linkage groups with genetic markers indicating the order and relative genetic distance
between genes, as shown in Figure 2.4. A good genetic map should have the same number of linkage
groups as there are chromosome pairs in the organism. Genetic markers indicate variations in the
DNA sequence of different organisms or species [13]. It is often the case that these markers are not
genes themselves, but are fragments of DNA in close proximity to a gene. There are three typical
categories of genetic markers [13]:
1. Morphological markers are phenotypic characteristics. An organism’s phenotype is its dis-
played characteristic. For example, a gene may control flower colour of either red or white,
and the colour that is actually displayed on the flower is the phenotype. The difference in
phenotype for a given gene is caused by variations in the genes controlling the trait, these are



























Figure 2.1: This diagram illustrates a hypothetical crossover. Circles represent
centromeres. Genes A and B are found on one chromosome and their variants, a
and b, in the same location on the sister chromosome (first). During anaphase I of
meiosis, a partial exchange of a chromatid occurs (second and third). After meiosis,
4 gametes are produced (fourth), two of which have different genetic combinations
than its parent cell. That is, we see the parental genotypes AB and ab, but also
recombinant genotypes Ab and aB.
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Figure 2.2: Genes located farther apart on the chromosome (left) are more likely
to recombine as there are more opportunities for recombination events between
them compared with genes which are closer together (right).
2. Biochemical markers are the result of variations in the genes, but rather than being displayed
as a visual phenotype, they are deduced by the presence of certain enzymes which are observed
in biochemical assays [44].
3. Molecular or DNA-based markers are the result of slight variations in the sequence information
of a segment of DNA compared to another organism [26].
Genetic mapping data is generated from observations of the displayed phenotype of a set of
genetic markers from a population of individuals. Each organism is observed for each of the possible
phenotypes for each genetic marker (in a diploid organism, there are two possible phenotypes for
each marker). The resulting data can appear as a matrix with the individual organisms on the
columns, the genetic markers on the rows and each individual record in the matrix an indication
of the phenotype observed.
Genetic linkage mapping is the process of taking genetic mapping data and calculating
their degree of relatedness and separating subsets of markers into linkage groups. The guiding
principle behind genetic mapping is that markers which are found more frequently together among
a particular set of offspring from a given cross are likely to be found near each other on the
chromosome.
Mapping over short distances is a relatively easy exercise as first done by Morgan [31]. When
comparing two genetic markers, the number of recombinants may be calculated. The genetic
distance between 2 markers, measured in centimorgans (cM), is the fraction of the recombinants




When mapping over larger distances, Morgan’s formula (above) has poor accuracy compared
to mapping over short distances. This is due to increased likelihood of multiple crossover events
[31]. In these instances, Haldane’s mapping function is used [21]. Consider three genetic markers
A, B, and C as well as the distances between them rAB ,rAC and rBC , measured in centimorgans,




























Figure 2.3: This diagram illustrates a hypothetical crossover, similar to Figure
2.1, with the exception that two crossovers take place. Considering only the A and
B genes as before, the gametes produced would only have the genotypes AB and
ab, and it would be concluded that no crossover has taken place. However, if we
look at a third marker, R, we see the parental genotypes ARB and arb as well as
the recombinant genotypes ArB and aRb.
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Figure 2.4: A sample genetic (linkage) map displaying two linkage groups (vertical
bars) from the species Phaseolus vulgaris and the genetic markers (small horizon-
tal lines crossing the linkage groups along with their associated names) in their
calculated orders and relative distances. This image was generated using the Com-
parative Map Viewer (CMAP) [24].
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crossovers– two crossover events occur between A and C (C is not pictured but is downstream of
B) as illustrated in Figure 2.3. Haldane’s formula will calculate the distance between markers A
and C as:
rAC = rAB + rBC − 2rABrBC .
Mapping is further complicated when crossover interference is considered. This is a phenomenon
observed to inhibit multiple crossover events over short segments of chromosomes [23]. Positive
interference (the most common form) is the case in which one crossover inhibits the formation of a
nearby crossover. Negative interference, whereby one crossover promotes another nearby crossover,
rarely occurs. To adjust for this, Kosambi’s Map Function is used [22] which is nearly identical to
Haldane’s with one exception, C is defined as the coefficient of coincidence (Interference = 1−C):
rAC = rAB + rBC − 2CrABrBC .
The value of C depends on the length of the genome segment in question. Kosambi suggested
that when r > 0.5 then C = 1; that is, when the recombination fraction is higher than 0.5 (the
markers are unlinked) there is no interference, (C = 0 when r = 0) [29]. Notice, that when C = 1,
Kosambi’s formula is simplified to Haldane’s formula. The value of C should be given as twice the
recombination value (i.e. C = 2r).
Other related formulae modify Kosambi’s formula for specific contexts. Carter & Falconer’s
mapping function [10] follows nearly identical mathematics to Kosambi’s function, but uses a strong
value of interference C = 8r3. This function is generally used in areas where interference strongly
inhibits other crossover events. Felsenstein’s mapping function [15] also follows the same mathe-
matics as Kosambi’s except that he accounted for both positive and negative interference by:
C = K − (K − 1)2r,
where K = 1 is an absence of interference, K < 1 is positive interference and K > 1 is negative
interference.
Genetic linkage mapping is useful for determining gene marker order and also the relative genetic
distances between those gene markers on chromosomes within a genome. This information can be
invaluable in instances where fully sequencing a target species’ genome is not practical. This is
frequently the case as sequencing an entire genome and then creating a physical map (see Section
2.1.5) is, for the moment, both expensive and time-consuming.
2.1.5 Physical/Sequence Maps
Physical or sequence maps are similar to genetic maps in that they provide a visual description
of a species’ genome. As with genetic maps, physical maps provide a visual representation of the
chromosomes and genes thereon. The major difference between physical and genetic maps lie in the
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methods by which they are created. Where genetic maps are calculated based on genetic linkage,
physical maps are not measured in centimorgans, but are measured using the number of actual
base-pairs separating the markers. Where distances between markers are estimated using statistical
methods for genetic maps, on physical maps, these distances are measured physically. Essentially,
this means that physical maps are significantly more precise than genetic maps. Physical mapping
involves sequencing a species’ genome. Then, it is analysed and the various features are plotted on
the species’ chromosomes. There are many sequencing techniques, such as Sanger-sequencing, and
more recently next-generation techniques such as Pyrosequencing and 454-sequencing. For more
information on these, we refer the reader to the articles: [40, 39, 14].
2.1.6 Speciation, Common Ancestry and Phylogeny
Over a period of time, the DNA of a species mutates. Speciation occurs when a species undergoes
sufficient mutations and large-scale chromosomal rearrangements from its parent species to become
genetically isolated and develop into a separate species. This is easily defined for organisms that
reproduce sexually, as one can require that two parents are considered to be of the same species if
they can produce viable offspring, while separate species cannot produce offspring. It becomes more
challenging when concerned with species which reproduce asexually, and in this case speciation is
often calculated by the amount of divergence between specific common genes.
Species are said to be related if they have a common ancestor. More precisely, this thesis will
concern itself with the most recent common ancestor between two species. Since the two species
will have inherited their respective genomes from the ancestor species they will share not only
many common genes, but common blocks of genes. The degree to which two species are related
can be estimated as the distance between shared DNA via a science known as phylogenetics [9].
In phylogenetics, the distance between two common genes is usually calculated by the number of
differences between the two DNA sequences using some scoring mechanisms.
It is intuitive that if two species share a common ancestor species, their genes likely also share
a common ancestor gene. We may attempt to find these genes through a study called orthology.
2.1.7 Orthology
Orthology is the study of finding copies of the same genes in separate species that were inherited
from a common ancestor. Copies of genes in separate, but related, species are referred to as
orthologs. That is, an ortholog is a gene shared by separate species having descended from a
shared ancestor. A paralog is a similar phenomenon; however, it is a copy of a gene within a single
species having descended from a single gene in the shared ancestor usually due to gene or genome
duplication.
There has been some contention as to the exact definitions and the use (rather the misuse) of
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the terms orthologs and paralogs [25]. The original definitions of the terms ortholog and paralog
are as follows [17, 16]:
• orthologs: any two gene copies in different species whose original gene is found in the common
ancestor to each species, originated by speciation events,
• paralogs: any two gene copies (in one species) which are resultant from a duplication event.
In a set of articles and responses to articles [42, 25, 35, 28, 34], the definitions of orthologs and
paralogs were contested, refined and in one case [42], subdivided. The definitions to be used in this
thesis are as follows (as defined in [42]):
• orthologs: copies of genes in separate species derived from a single gene in the last common
ancestor of the species,
• paralogs: copies of genes which derive from gene duplication events within a genome. In the
same article [42], the definition of a paralog was further refined into:
– out-paralogs: paralogs which evolved by gene duplications occurring before speciation,
– in-paralogs: paralogs which evolved by gene duplications occurring after speciation.
Orthologs, in-paralogs and out-paralogs are further explained visually in Figure 2.5. Note that
a paralog is either an in-paralog or an out-paralog but not both.
2.1.8 Orthology and Synteny
Synteny refers to all gene loci on a chromosome [34]. It is a term that is related to linkage in
that both terms make note of sets of genetic markers on a chromosome, except that synteny is not
concerned with the observed linkage between them. That is, regardless of whether or not a pair
of markers are calculated to be linked, provided they are on the same chromosome, they will be
syntenic.
This thesis uses the concepts of orthology and synteny simultaneously. For the purpose of clarity
in combining these terms, this thesis will use the term shared synteny to refer to a set of orthologs
from one chromosome of a species to one chromosome of another (see Figure 2.6).
We can extend this concept to a slightly wider scope by considering regions of chromosomes
shared by different species. We will refer to these regions as blocks of shared synteny. This comes
from the concept that it is not only genes that are inherited from ancestor species, but large sections
of chromosomes up to and including the full chromosome itself. Obviously, some major changes are
made to a species’ genome in order for speciation to occur, so it may be the case where chromosomal
rearrangements have occurred. These rearrangements can involve the breaking and re-associating of
various chromosome segments onto other chromosomes, creating new chromosomes from remnants
11













































Figure 2.5: The first panel shows a simple one to one relationship of shared genes,
these are orthologs. The second panel shows a duplication event in the parent
species (A1 and A2) prior to speciation, both of these genes are inherited in both
descendant species, these are out-paralogs. The third panel shows a duplication
event in one species after a speciation event producing two genes (A1 and A2) are
in-paralogs.
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Figure 2.6: This diagram shows a portion of two genetic maps of two hypothetical
species. The set of markers L1-L4 on species A are said to be syntenic, as are L1-L4
on species B. Each matching pair (e.g. L1 from A and L1 from B) are said to be
orthologous if they originated via speciation. If the gene order is conserved over
both regions of the two linkage groups, then it is a region of shared synteny.
of chromosomes, genome duplication, gene duplication etc. Even though a species’ chromosomal
structure does not appear to completely resemble its related species, it is possible to find blocks of
shared synteny between them.
2.1.9 Ploidy
The ploidy of an organism refers to the number of homologous sets of chromosomes contained in
somatic cells. We refer to the basic number of chromosomes of an organism’s cells by x and the
haploid gametic number by n. Then, 2n is the number of chromosomes found in zygotic or somatic
cells. It is not always the case that n = x [12].
Haploid refers to cells which contain n chromosomes. This occurs most often in reproductive
cells, i.e. after a meiotic division. In cases where a organism’s zygotic stage is diploid (below) then
n = x; however, if the zygotic stage is polyploid, then n > x [12].
Diploid organisms are those whose cells contain 2x basic chromosomes. Phaseolus vulgaris is an
example of this; x = 11, 2n = 2x = 22 [12].
Polyploid organisms contain more than 2x basic chromosomes, and are common among plants.
For example, Glycine max, has x = 10, but 2n = 4x = 40 making it a tetraploid organism [12].
Autopolyploid is a type of polyploidy in which copies are sets of chromosomes from the same
species. This can occur from a whole genome duplication event [12]. Glycine max falls into this
category, as it has undergone a complete genome duplication, doubling its 2x chromosomal set to
4x during evolution.
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Allopolyploid is a type of polyploidy in which additional sets of chromosomes are incorporated
from a different species via hybridization [12].
With regards to polyploid organisms, we also consider differences in ancient and modern poly-
ploid species. Ancient autopolyploid species have undergone some whole genome duplication, and
then continued to produce progeny. During meiosis, however, because there are additional sets of
sister chromosomes, chromosomal rearrangements are common. Eventually, the chromosomes sta-
bilize and meiosis performs akin to diploid species, that is, two pairs pair-up. Modern polyploids
are much more difficult to analyse as their genomes may not have stabilized. This is an important
consideration when choosing species for analysis.
2.2 Comparative Genetics
In the field of comparative genetics, researchers can use related species to infer information about
a desired species by making observations about related genomes. The ideal case is when there is
an abundance of accurate data available pertaining to the related species from which inferences
regarding the desired species can be made. For simplicity, we conform to using the conventional
term model species when referring to the species with an abundance of available data, and target
species to refer to the desired species for which we would like to infer some information. A model
species is chosen initially because of the relationship formed between its genome and related species.
The chosen species is then well studied so that it can be used as a basis for related species in
comparative-genetics analysis. For example, Oryza sativa (rice) was chosen as a model species as
its genome shares a high collinearity with related cereal crops such as maize, barley and wheat [19].
2.2.1 Specific Model and Target Species
Many members of the legume family are used as crop plants and therefore have significant economic
value [11]. For this reason, we consider this family worthy of further genetic study. Specifically,
within this family, Phaseolus vulgaris (the common bean) is of particular interest. Medicago trun-
catula (Barrel medic) is a good model species for the legume family as it shares reasonably good
collinearity with the rest of the family and has a relatively small and well characterized genome
[11], which makes it easier to fully sequence and analyse. There is, however, a much closer relative
to Phaseolus vulgaris which is also well studied, Glycine max (see Figure 1 of [11]). Because Glycine
max (soybean) is so closely related to Phaseolus vulgaris they are likely to share a high degree of
collinearity. As will be seen in Section 2.4, it is sometimes necessary to have two model species for
the analysis of the target species. As such we will use all three of the species in this study.
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2.3 Bioinformatics Algorithms
Bioinformatics algorithms are used to manipulate and analyse massive amounts of biological data.
These can range from sequence assembly to phylogenetic analysis. While there are several types of
bioinformatics algorithms, we will concern ourselves with one genre in particular, those for sequence
alignment. Sequence alignment is a type of problem where a sequence of DNA, RNA or protein is
compared to others and scored based on their similarity. The goal of the problem is to find specific
comparisons of the sequences that maximize these scores.
2.3.1 Needleman-Wunsch and Smith-Waterman alignment algorithms
The Needleman-Wunsch global alignment algorithm and the Smith-Waterman local alignment algo-
rithm are two algorithms used for performing sequence alignment [33, 41]. The Needleman-Wunsch
algorithm is designed to compare the entirety of two or more DNA (or RNA or protein) sequences
and determine the best alignment of them by mapping every possible alignment into a numerical
value and choosing the alignment that achieves the highest score. The Smith-Waterman algorithm
performs a related task, but is designed to detect the best local alignment between subsequences
(smaller segments of the larger sequence) of two or more strings. Both of these algorithms employ
a technique known as dynamic programming, which is an algorithmic technique that breaks large
problems down into smaller sub-problems, and uses those answers to determine the answers of
the larger sub-problems. The main advantage of these two algorithms is that they are completely
correct in that they can find an optimal alignment between sequences. An optimal alignment refers
to the highest scoring alignment between sequences which can then be used to infer the degree to
which the sequences are related. Moreover, as opposed to other algorithms which could find an
optimal alignment (trying every alignment and taking highest score), these two algorithms operate
relatively efficiently (in polynomial time complexity).
Over time a species genetic makeup may mutate, that is, its DNA may add, delete, or change
bases. These changes are reflected in an alignment between two divergent species. To score an
alignment between two DNA sequences, the algorithms use three possibilities for each base: a
match, a mismatch, or a gap in either species.
For example, consider the following short sequences “ACTGACTGTA” and “ACTAGTGTA”.
To align these two sequences we must consider their alignment at every possible position. We will
use a simple scoring matrix, Figure 2.7, to describe how well two sequences align. Essentially,
we can translate this simple matrix by scoring as follows, scoring a match at each position in the
alignment as 1, a mismatch as 0 and a gap as -1.
To find the optimal global alignment score, we will use a matrix with one sequence along the
vertical side and the other on the horizontal side, and fill in the scores choosing the highest scoring
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0 -1 -1 -1 -1
-1 1 0 0 0
-1 0 1 0 0
-1 0 0 1 0
-1 0 0 0 1
Figure 2.7: A simple scoring matrix for a global alignment algorithm is used
to determine the value of a match, mismatch, or gap at any position in a given
alignment. In this example, this particular matrix is equivalent to having -1 as a
gap penalty, 1 for a match, and 0 for a mismatch score. We could change the values
in the matrix to change the score for specific nucleotide matches, mismatches, and
gaps.
values for a given cell based on a match, mismatch, or gap. More formally, we can describe each
cell Ci,j as the maximum of three calculations: the cell above plus the gap penalty Ci−1,j +G, the
cell to the left plus the gap penalty Ci,j−1 +G, or the cell above and to the left plus the match or
mismatch score as per the scoring matrix Ci−1,j−1 + S(xi, yj), where xi is the i’th base of the first
sequence x and yj is the j’th of the second sequence y.
Ci,j = max





Refer to Figure 2.8 which illustrates how to score a given cell in the matrix and Figure 2.9 for
the full alignment matrix for the above sequences.
Using the alignment matrix from the example, Figure 2.9, we can trace the path of the highest
scoring global alignment backward to yield the optimal alignment:
ACTGACTGTA
ACT-AGTGTA
The main downfall of these algorithms is that they are slow and impractical for large data
sets. We refer the reader to reference text [27] for general information on local and global sequence


















Figure 2.8: Three examples indicating how each one of a match, mismatch, and
gap in an alignment is calculated. The left panel shows that the highest score
available results from a match. The centre panel shows the highest value will be
determined with a mismatch. The right panel shows how the highest score can be
determined with a gap.
2.3.2 BLAST
Often, life scientists need to compare a (sometimes large) set of sequences with another large set,
such as a database of sequences. This allows the scientist to find specific sequences in the database
which are similar to their target sequence. The aforementioned algorithms are often far too slow
to perform these tasks in reasonable amounts of time. Therefore a heuristic approach is usually
applied instead.
The Basic Local Alignment Search Tool (BLAST) [7] is a heuristic algorithm that allows one
to search databases for similar sequences and score the similarities between individual pairs of
sequences. The heuristic approach performs pair-wise comparisons between sequences, not along
their entire sequence, but by short segments called words. Once matching words are found, a process
called seeding, the algorithm extends the comparison in both directions until a certain threshold is
met [8]. While there are several parameters that can be used to guide the search in a more precise
manner as desired by the user, the parameter most often used is referred to as the e-value. The
e-value is the expected number of hits occurring by chance in a equally sized database. Therefore,
the lower the e-value, the better chance that the current alignment reflects a close evolutionary
relationship [6]. The e-value is often set as an input parameter that the user chooses as a threshold
cutoff. The failing of this, however, is that if the threshold is set too stringently, weakly aligning
sequences may be missed, or set too loosely, can incur an overload of poorly aligning sequences.
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0 -1 -2 -3 -4 -5 -6 -7 -8 -9 -10
-1 1 0 -1 -2 -3 -4 -5 -6 -7 -8
-2 0 2 1 0 -1 -2 -3 -4 -5 -6
-3 -1 1 3 2 1 0 -1 -2 -3 -4
-4 -2 0 2 3 3 2 1 0 -1 -2
-5 -3 -1 1 3 3 3 2 2 1 0
-6 -4 -2 0 2 2 2 4 3 3 -2
-7 -5 -3 -1 1 2 2 3 5 4 3
-8 -6 -4 -2 0 1 2 3 4 6 5
-9 -7 -5 -3 -1 1 1 2 3 4 7
Figure 2.9: An example of a global alignment dynamic programming matrix. The
scoring matrix in Figure 2.8 was used to calculate each cell in the matrix, and then
we are able to trace the path backwards based on how each score was calculated
(marked in red) and use that to describe the optimal alignment.
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2.4 Ortholog Detection Systems
Ortholog detection across species can be a challenging task. Often, a simplistic approach is taken
which involves performing BLAST [7] queries using sequences from a target species against a related
species and enforcing some rigid threshold value to ensure the validity of the results [32]. However,
this may not be the most efficacious method as it has the potential for returning many false
positives, especially when incomplete data sets are used. That is, if the true ortholog is missing
from the target species data, then BLAST may return a sequence as an ortholog which is not truly
an ortholog. The flaw is magnified when paralogs within the target species are considered; it may
easily detect false positives, should the true ortholog not be present in the data set but a paralog
is instead present. In this case, it will easily find the paralog with a high degree of similarity, but
it will not be the true ortholog. Therefore, other solutions have been devised to make ortholog
identification more robust. Tools such as INPARANOID [37], and OrthoMCL [30] make use of a
common methodology known as the Reciprocal Best BLAST Hit (RBBH) [38].
The RBBH process involves performing BLAST queries in both directions; that is, performing a
BLAST query of all the sequences of the first species against that of the second, and then performing
the query again with the second species sequences against the first species. Then, if the top hits
in both BLAST directions are the same, then the likelihood that the sequences are orthologous is
quite high. For example, consider two species A and B, RBBH will perform a BLAST search of
all sequences from species A against all sequences from species B and then vice-versa. If the best
match for gene A1 from species A is found to be gene B1 in species B and the best match for
gene B1 in species B is found to be A1 from species A then they are said to be the reciprocal best
BLAST hit and A1 and B1 are considered to be orthologs.
A standard BLAST query may have low specificity with regards to detecting orthologs. It is
especially problematic when paralogs are considered, as BLAST may detect paralogs as putative
orthologs without any method of verification. RBBH effectively solves the potential low specificity
issues that can arise from only doing a single BLAST query by performing the BLAST in both
directions.
A significant issue with the above RBBH based tools is that they require complete data sets for
each species in order to claim the validity of the results. In comparative genetics, it is often the
case that researchers work with incomplete data sets, often due to lack of resources for completing
sequence data for a given species. Indeed, this is one of the reasons for making use of comparative
genetics.
The problem that arises is again one of sensitivity and specificity. Standard RBBH methods
cannot guarantee that the predicted orthologs they detect are indeed ‘true’ orthologs rather than
paralogs when working with incomplete data sets. For example, consider the ortholog detection
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of an incomplete data set from species A and a complete data set from species B. An RBBH may
detect a copy of a gene which is not a paralog simply because the data for the ortholog was not
present in the data set. Extending the above example, consider species A now having a paralog for
A1 called A2. Gene A1 is still orthologous with gene B1 of species B, however due to an incomplete
data set, the sequence available for A1 is missing. In this case, RBBH will detect A2 and B1 as
orthologs as there is no better match present in the data set.
Another tool called Reciprocal Smallest Distance RSD [43], avoids the issue of RBBH being
mislead by close paralogs by comparing the reciprocal smallest distance between a set of matching
sequences. RSD results are produced by performing multiple sequence alignment on the highest
matching hits from a BLAST query followed by maximum likelihood estimation of evolutionary
distances to detect orthologs. However, RSD might still detect paralogs as orthologs if the original
ortholog sequences are missing from a target set.
Ortholuge [18] is an alternative ortholog detection program that attempts to compensate for the
issues that arise from dealing with incomplete data sets by incorporating phylogenetics to evaluate
the orthology as detected by the RBBH method, as seen in Figure 2.10. To do so, it requires three
data sets: an incomplete query species, a complete model species, and a slightly more distantly
related species. We will refer to them as ‘in-group 1’, ‘in-group 2’ and ‘out-group’, respectively. As
a first step, Ortholuge performs RBBH between the sequences of all pairs of species. Then, using
the potential orthologs as detected by the RBBH it performs a phylogenetic analysis of each hit.
The phylogenetic analysis will determine the correctness of the ortholog as it will give an indication
of whether the distances between the sequences are in line with each species. That is, sequences
from in-group 1 ought to be closer with regards to phylogenetic distance to those of in-group 2
than the out-group. If, on the other hand, the distance between an in-group 1 sequence and the
out-group sequence was closer than that of in-group 1 to in-group 2, the hit is unlikely to be a true
ortholog and the program will remove it from the set of putative orthologs.
The output from Ortholuge is a set of orthologs as well as the distance ratios calculated for each
set which can give an indication of the strength of the search. If the distances between the species
are too close or too distant, it is possible that the results can be marred; however, the results will
still be no worse than RBBH.
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truncatula GlycinemaxPhaseolus vulgaris Glycine max Medicago truncatula
Figure 2.10: The species tree (top picture) shows the ancestral relationship be-
tween three species. In this case Phaseolus vulgaris is more closely related to Glycine
max than Medicago truncatula. The lower diagram shows a hypothetical gene tree.
The crossed out gene is missing, but RBBH detects a match, with the marker high-
lighted in blue. The highlighted gene is, in fact, an in-paralog. It is possible that a
missing ortholog in a data set could allow an in-paralog of that gene to be classified
as an ortholog. Ortholuge attempts to compensate for this by including phyloge-
netic data. If a potential ortholog (blue) is more distantly related than an ortholog
from a third related species (Medicago truncatula), Ortholuge [18] will not count it




The overall objective of this thesis is to develop a tool that uses genetic mapping and sequence
data from well-studied organisms to infer knowledge of related target species. Ortholog detection
programs that currently exist find orthologs based on their sequence similarity. This technique alone
leaves the possibility of false positives; that is, detecting orthologs which are not true orthologs
(perhaps paralogs etc.). In instances of gene loss, gene duplication, or incomplete data sets, false
positives are more likely to arise as ortholog detection systems may detect other sequences as
orthologs even though they are not.
This thesis builds on existing ortholog detection algorithms, but will additionally attempt to
lower the number of false positives found by using regions of shared synteny of genetic maps to
infer additional knowledge regarding the true nature of the orthologs. To do this, we reclassify the
orthologs as detected by Ortholuge into two categories; putative orthologs and reduced orthologs.
A putative ortholog is one which was detected via sequence similarity and whose locus on the
genetic map falls into a region of shared synteny, as expected. A reduced ortholog is one which was
detected via sequence similarity but whose locus is not within a region of shared synteny, thereby
reducing the chance that it is a true ortholog. If, for example (see Figure 3.1 and its caption for
additional details), there is a section of shared synteny between two genetic maps, and one ortholog
is missing– that is, an ortholog is not detected at a locus as would be expected via shared synteny–,
but another sequence is detected which maps to another part of the map (outside the section of
shared synteny). Then, the pipeline we develop may classify that detected ortholog as a reduced
ortholog rather than a putative ortholog (see Section 2.1.3). In this way, we filter a set of orthologs
into putative and reduced orthologs.
Additionally, because this pipeline specializes in incomplete data sets, users will be able to infer
positions of missing genes. For example, if a section of shared synteny between two genetic maps
is found, but one of the maps is missing a large number of the genetic markers, a researcher may
infer knowledge of the missing markers directly from the more complete genetic map, as shown in
Figure 3.2.
A further objective of this thesis is to work with species of varying ploidy levels, as is common in
many plant species. An inherent flaw of the RBBH algorithm is that it only detect the best single
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hit in either direction. For example, consider searching for orthologs between a diploid species A
and a tetraploid species B, where genome B was obtained from an ancestor of species A via full
genome duplication. Ideally, for every gene in species A there would be two orthologs detected in
species B. However, using the standard RBBH algorithm, this would not be the case. RBBH will
only find the first of the orthologs and ignore the other as the algorithm doesn’t account for more
than one top hit.
From a user’s perspective, this system will allow a graphical view of putative orthologs and
will highlight regions of shared synteny between two genetic maps. These regions may include
such portions of a map whose information regarding markers may now be inferred where it was
previously impossible, such as Figure 3.2.
Prior to the development of this pipeline, researchers were performing many of the included
tasks manually. There are several programs available for performing the task of ortholog detection,
as discussed in Section 2.4. As yet, none of those programs include genetic mapping information as
a medium for filtering orthologs in an attempt to lower the number of potential false positives. This
pipeline, where possible, filters potential orthologs based on their location in the genome. Further,
this thesis attempts to address issues which arise when comparing species of differing ploidy levels.
3.1 Pipeline Design
The pipeline is called “Detection of Orthologs via Genetic Mapping Augmentation” DOGMA, and
is comprised of three major operations: ortholog detection, ortholog filtering and shared synteny
detection, and map display– see Sections 3.1.2, 3.1.3 and 3.1.4 respectively. First, we will elucidate
on the required data sets required for each species involved in Section 3.1.1.
Figure 3.3 illustrates the flow of data through the various pieces of the pipeline. At the first
phase of DOGMA, various data sources are aggregated and formatted. During the second phase
those data sets are input to Ortholuge which produces a set of putative orthologs. The third phase
uses genetic (or physical) mapping data along with the putative set of orthologs to locate all of
the orthologs on the genetic maps and then proceeds to filter them based on their position in the
map. Finally, the fourth phase of the pipeline is a display of the genetic maps and the orthologs
illustrating the difference in the type of ortholog present. Each of these phases are explained in
detail in the following subsections.
3.1.1 Data Sets
The pipeline makes use of several heterogeneous data sources. These data sources are provided as
input and then analyzed at various stages in the pipeline. Depending on the source of the raw data



















Figure 3.1: If we interpret the section between markers A11 and A16 as a section
of shared synteny with the section between markers B14 and B18, then a detected
ortholog on linkage group 2 of species B (B21), may be discarded from the set of
putative orthologs as it doesn’t follow the linearity of the block of shared synteny;
however, it would be added to the set of reduced orthologs, as we may be missing
















Figure 3.2: A block of shared synteny is shown between two species (A and B).
Knowledge of genetic markers missing from the data set of species A may be inferred
from species B due to the conservation of gene order. For example, in the above
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Figure 3.3: Data flow chart describing the DOGMA pipeline.
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Customized Perl scripts are used for this task.
The pipeline makes use of five data sets from three related species:
• the target species
– genetic map data
– sequence data
• model species




The target species is the species of interest to the user. It is not necessary that the data sets
be complete for the target species. The model species is a species for which there is an extensive
knowledge base and should have complete sequence data available for the highest accuracy. The
third species, a slightly more distantly related species, is used as an aid to the ortholog detection
program as illustrated in Figure 2.10. The third species is not displayed among the sets of putative
or reduced orthologs, but is used as the ‘out-group’ to enhance the ortholog detection as described
in Section 2.4. The order of these three inputs therefore depends on the phylogenetic data as well.
Sequence data of genetic markers for each of the species is necessary as is genetic mapping data
for the target and model species. Further, the genetic mapping data must contain some information
by which it may be associated with the sequence data for a given species. This is most likely to be
the name of the marker in each data set.
The species Phaseolus vulgaris, Glycine max, and Medicago truncatula can be used as the target
species, model species and related species, respectively. This is appropriate with the species tree
in Figure 2.10, as phylogenetically, Phaseolus vulgaris and Glycine max are more closely related to
each other than Medicago truncatula is to either of the former two and thus the three species fit
the requirements imposed by the following section. Therefore, we will use these three species for
our testing and use them in an ongoing example throughout the rest of this thesis.
3.1.2 Ortholog Detection
Ortholog detection is the first step of the pipeline and is the most critical aspect. Ortholog detection
provides the set of putative orthologs which are used throughout the remainder of the pipeline.
Therefore, it is essential that it be performed with a robust and accurate system for detecting
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putative orthologs. Also, as per the requirements of the pipeline, the detection system must function
well in instances with incomplete data sets.
Ortholuge, described in Section 2.4, is used to detect putative orthologs [18]. Ortholuge is a
valuable tool, however there are a few caveats. Specifically, when dealing in plant genomics, there
are further obstacles to overcome that are not necessarily dealt with in Ortholuge as it stands
currently. One such limitation is its inability to effectively analyse polyploid plant species. For
example, when searching for orthologs between Phaseolus vulgaris (a diploid plant) and Glycine
max (a tetraploid plant), the results should include two Glycine max hits for each Phaseolus vulgaris
hit. However, only one of these will be found. This limitation is common to RBBH tools. This
could be overcome with some customization to the RBBH and phylogenetic analysis portions of the
Ortholuge program. However, for this thesis, we overcome this problem with some preprocessing
of the species with a higher ploidy value, as discussed in Section 3.2.
In this first step of the pipeline, only the sequence data sets are used. Reiterating Section 2.4,
Ortholuge uses three data sets: in-group 1, in-group 2 and, out-group. As applied to the continuing
example, we take Phaseolus vulgaris, the target species, as in-group 1, Glycine max as in-group
2, and Medicago truncatula as the out-group. Ortholuge performs a full RBBH between each pair
of data sets; that is, it will perform three RBBH searches as follows: in-group 1 against in-group
2, in-group 2 against out-group and, in-group 1 against out-group. Then, Ortholuge finds any
putative orthologs shared by each of the three species and then performs a phylogenetic analysis to
decide if the putative orthologs fit as expected in the gene tree. If the putative ortholog does not
fit the gene tree as expected, such as pictured in the bottom of Figure 2.10, it is discarded. The
remaining orthologs are passed to the next step.
3.1.3 Ortholog Filtering and Shared Synteny Detection
The ortholog detection step yields a list of putative orthologs between the target and model species.
Using Perl scripts, we join the mapping and sequence data for each species. As per our continued
example, we associate the mapping data with the sequence data for Phaseolus vulgaris and also
do like-wise for Glycine max. Then we parse the putative ortholog list and create correspondences
between the two genetic maps of each species. Pertaining to this thesis, a correspondence is defined
as a pair of markers, one marker from each of two species, that defines an association of two loci
on a visual map as given by the set of putative orthologs. We therefore, name any correspondence
by a notation of two markers. When these correspondences are made, we calculate the relative
distances between each of the putative orthologs on each linkage group of each species.
We request two parameters, sp1DistanceParam and sp2DistanceParam, from the user to denote
the maximum distance that a marker can be from another and yet possibly fall within the same
linkage group– one parameter for each species. These parameters may be given in one of two units,
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either centi-Morgans, cM, or in kilo base-pairs, kbp, depending on the types of maps involved, be
it genetic maps or physical maps, respectively.
We consider every pair of correspondences. If a correspondence’s marker for the first species is
less than or equal to the distance parameter for that species from another correspondence’s marker
and similarly for the second species, then we say that the markers fall within a block of shared
synteny and are putative orthologs. We refer to correspondences which do not meet those criteria
as reduced orthologs.
Consider the hypothetical maps shown in Figure 3.4. We create correspondences between two
maps based on a set of six potential orthologs. The distance parameter for the Pv map is 15
cM and 12 kbp for the Gm map. The algorithm considers each possible pair of correspondences.
For example, consider correspondences {Pv1,Gm4} and {Pv2,Gm5}; then |Pv1−Pv2| is less than
the distance parameter of 15 cM for Pv and like-wise |Gm4 − Gm5| is less than the distance
parameter for Gm. Hence, we say that these two correspondences are both putative as they form
the same region of shared synteny. Consider now correspondences {Pv3,Gm6} and {Pv4,Gm7}.
Then |Pv3 − Pv4| meets the distance parameter requirement; however, |Gm6 − Gm7| does not.
Therefore ortholog {Pv4,Gm7} remains classified as a reduced ortholog. If sp1DistanceParam was
extended 30 cM for Pv and sp2DistanceParam to 50 kbp for Gm, then all of the markers in Figure
3.4 would be putative. Each additional correspondence which meets the criteria adjacent to the
existing region of shared synteny essentially extends that region. There may be ideal fixed values
for these parameters, although we allow them to vary so that different values can be studied.































Figure 3.4: Two hypothetical maps to illustrate the filtering of orthologs into a sets
of putative and reduced orthologs. The Phaseolus vulgaris (Pv) map is displayed
with a set of markers, Pv1, ... , Pv6, plotted on it, each separated by the indicated
distance measured in centiMorgans. Like-wise the Glycine max (Gm) map has its
markers, Gm1, ... , Gm6, plotted and separated by the indicated distances mea-
sured in kilo base-pairs (kbp). The correspondences in dark blue indicate putative










































































































































































































































































































































































































































































































































































































































































The Comparative Map viewer (CMap) is used to display the maps to the user. CMap uses a mySQL
database containing the genetic mapping data for each species. The putative orthologs from the
ortholog filtering and shared synteny detection step are incorporated into the CMap database and
correspondences between markers, as defined in Section 3.1.3, are created. These correspondences
are visual representations of the putative orthologs and are visualized as coloured lines joining
markers. Different colours are used to distinguish between putative and reduced orthologs.
Figure 3.6 illustrates putative and reduced orthologs as detected by this pipeline. As shown in
the figure, Glycine max chromosome 18 was found to have putative orthologs with four separate
Phaseolus vulgaris linkage groups (1, 6, 8, 11) and regions of shared synteny with three of them
(1, 6, 8); the region of shared synteny with linkage group 1 is very small, such that cMap isn’t
displaying two markers. Correspondences coloured in green are part of a region of shared synteny
and are therefore among the set of putative orthologs. Those in red are among the set of reduced
orthologs.
3.2 Differences in Ploidy Number
Looking at the example in Section 3.1, we briefly discussed a problem that arose with the choice of
species. We note that Glycine max and Phaseolus vulgaris exist at different ploidy levels. A whole
genome duplication has occurred in Glycine max causing it to become a tetraploid [36] plant where
Phaseolus vulgaris remained a diploid species. Intuitively, when we attempt ortholog detection, if
both are present, we would assume to find two Glycine max markers for each Phaseolus vulgaris
marker. This is not the case because of the nature of RBBH; it would only find the top one hit. This
is a significant limitation, especially with regards to joining the maps of two species as we will not
be certain to find regions of shared synteny with any one of two putative orthologs. For example,
consider Figure 3.7. The first panel illustrates the correct case in which all putative orthologs are
located and regions of shared synteny on all linkage groups are correctly displayed. However, the
second panel shows what can occur when RBBH is used to detect orthologs. RBBH overlooks one
ortholog from each pair resulting in an incomplete, or possibly missing, region of shared synteny.
In order to overcome this limitation, we preprocess some of the data. In the example from
Section 3.1, we would use a BLAST search of Glycine max against itself to find putative duplicate
genes. We then separate the genes into two files, each file containing one of each copied pair. Then
each file is passed through the ortholog detection system separately. Resulting from this will be
two sets of putative orthologs which are concatenated together. In this way we essentially by-pass
the limitation and are able to continue analyzing regardless of the ploidy level. This method should
be modifiable for various polyploid circumstances.
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Figure 3.6: Orthologs and shared synteny as displayed by CMap. A single chro-
mosome (number 18) from the species Glycine max shares markers with loci on four
separate Phaseolus vulgaris linkage groups (1, 6, 8, and 11). The red lines indicate
reduced orthologs, the green indicates that the markers are in regions of shared
synteny. What appears as a solitary green line, such as that between Gm18 and 1,
is actually two or more orthologs that are simply too near for the mapping software





























Figure 3.7: Diagram showing putative orthologs between species A, diploid, and
species B, tetraploid. The first panel shows the correct case in which for each gene
in A two corresponding genes in B are found. The second panel shows what can
occur if standard RBBH techniques are applied; only one of each pair will be found,
hampering the algorithms ability to detect full regions of shared synteny.
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3.2.1 Modularity
The pipeline’s modular design allows for the use of various existing programs as well as the ability
to easily incorporate customizable scripts. For example, should the user wish to use a different
ortholog detection program, it is as simple as removing Ortholuge, replacing it with some other
program, and making some minor adjustments to the data files to follow the formats required by
the new program. Further, it is relatively easy to update portions of a pipeline when they become
out of date; that is, if a new version of one of the modules in the pipeline becomes available, it
can be inserted. An unfortunate disadvantage of this type of setup is portability, as it could be
difficult to implement on a differing setup, while the custom code portions of the pipeline are easily
portable, not all the third party components are easily implemented on all platforms. While there
is no clear solution to this issue, it is possible, with good software design principles and portable
languages, to create a system which should be relatively portable for anyone with an understanding
of the target platform and the pipeline’s design.
Pipelined systems, such as this one, are designed for data flow– in situations where data is
manipulated in different ways sequentially– a pipeline is advantageous. It is a simple operation to
run the entire pipeline or only portions of it as necessary to access the desired data.
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Chapter 4
Data Selection, Results, and Discussion
4.1 Data Selection Tool
In Subsection 3.1.3 we refer to two parameters of the algorithm for detecting syntenic correspon-
dences, sp1DistanceParam and sp2DistanceParam. These two parameters limit the distance be-
tween two correspondences to remain classified as a single syntenic region. There is a difficulty
presented to the user of DOGMA; what ought these values to be?
In order to assist the user in choosing these values, a Perl script (see Appendix A.4) was written
to run the algorithm many times while varying the values of each parameter and to count the
number of detected syntenic correspondences at each value of the two parameters. That is, starting
at a small value for each parameter and increasing the size each growing until reaching a maximum
size which is the total length of their respective maps. The result is a large matrix, where each cell
contains the number of syntenic correspondences detected at the coordinates denoted by the two
parameters.
Such a matrix is (usually) too large to be read efficiently by human eyes. Therefore, we use the
matrix as an input into a spreadsheet program, such as Microsoft’s Excel. We can then use the
program’s charting tools to create a visual representation of the matrix; for example see Figure 4.1.
Using a 3-dimensional chart, the user can decide more precisely what distance parameters to use.
The tool can easily be re-run with a new range of distance parameters to create a new chart, thus
allowing the user to narrow, or expand their parameters as necessary. The distance parameters
chosen by the user will depend on how stringent they wish the final output to be. That is, if the





















































































































































































































The design of this pipeline allows it to function over a variety of related species and is not limited
to the example species. For this example we use the previously discussed species since they satisfy
the criteria listed in Section 3.1.1 as being appropriate.
As noted in Section 3.1.2 three sets of sequence data are required for Ortholuge to perform the
initial ortholog detection. Sequence data for the target species Phaseolus vulgaris was acquired
through personal correspondence with Dr. Phil McClean from North Dakota State University [32].
Sequence data for the related species Glycine max was acquired from the G. max Gene Index as
hosted at Harvard University [2]. Sequence data for the model species Medicago truncatula was
acquired from the M. truncatula Gene Index and also hosted on the Harvard University servers [1].
The Mapping data for both P. vulgaris and G. max was acquired from the Legume Information
System website [3].
4.3 Test Run and Results
At the first stage, sequence and mapping data were organized and then analysed for correlations.
Extraneous metadata was removed from the FASTA sequence headers such that all that remained
was the sequence tag identifier. Where sequence data was not found to match any existing markers,
those sequences were removed as they can potentially interfere with locating mappable orthologs;
orthologs may be detected between sequences which are not mappable due to lack of mapping
data. Also reducing the overall number of sequences has an additional positive effect on perfor-
mance. There was no formatting required for the mapping data as it was retrieved from one CMap
environment and was inputted into a local CMap database. In future iterations of DOGMA, the se-
quences that were removed will be used and and if possible their approximate loci will be estimated
based on the surrounding regions of shared synteny, see Section 5.3.
At the second stage, Ortholuge was run with Phaseolus vulgaris as the target species, Glycine
max as the related species, and Medicago truncatula as the more distantly related species. The
results from Ortholuge yielded 205 potential orthologs.
For the third stage the sequence data and map data for each species was parsed using the
PERL script seq to map.pl, Appendix A.1, to associate the map and sequence for use in the next
stages of the pipeline. At this point the data selection tool as described in Section 4.1 was used
to choose the two distance parameters for the Ortholog filtering stage. Looking at the chart,
Figure 4.1, we selected the two parameters as 7 000 000pb for sp1DistanceParam and 10cM for
sp2DistanceParam, as this was the point in the graph where there was a drop in the rate of increase
of detected orthologs.
38
Ortholog filtering continued, using the synteny detection script find synteny.pl, Appendix A.3.
Based on the two distance parameters, the 205 orthologs detected by Ortholuge were recategorized
as 121 putative orthologs and 84 reduced orthologs. The 121 putative orthologs are listed in Table
4.1 and 84 reduced orthologs in Table 4.2. That is, based on the given data, 84 of the orthologs
detected are not in a region of shared synteny denoted by the distance parameters used and therefore
have insufficient mapping data to elevate them to the category of putative ortholog.
Table 4.1: Set of 121 putative orthologs as detected by DOGMA using distance
parameters of 7 000 000bp and 10cM.
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Table 4.1 – continued from previous page
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Table 4.1 – continued from previous page
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Table 4.1 – continued from previous page
































Table 4.2: Set of reduced orthologs as detected by DOGMA using distance pa-
rameters of 7 000 000bp and 10cM.
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Table 4.2 – continued from previous page
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Table 4.2 – continued from previous page






















We achieved success in finding several areas of shared synteny in our example described in Section
4.3 and three of these regions are shown in Figure 4.2. As can be seen in each of the panels, using
the distance parameters previously specified (10cM for the Phaseolus vulgaris linkage map and
7000000bp for the Glycine Max physical map) the DOGMA pipeline detected regions with four to
five putative orthologs. It is possible that a researcher may infer that all of the remaining sequences
on the Glycine max genome could and should be found in their respective order on the Phaseolus
vulgaris map, provided that the distance parameters are stringent enough.
Markers along the Phaseolus vulgaris map in black have no detected orthologs. This is due
either to the presence of mapping data without sequence data or the resulting data being rejected
by Ortholuge in the first step of DOGMA. Examples of these can also be seen in Figure 4.2. Had
these sequences been present, the regions of shared synteny may have been even stronger or larger.
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Additional examination of the results show multiple regions of shared synteny from one linkage
group of Phaseolus vulgaris to two chromosomes of Glycine max ; see Figure 4.3. This is not
unexpected as Glycine max is an ancient polyploid, and has approximately 2 copies of the Phaseolus
vulgaris genome in a somewhat scrambled fashion [36].
In a few cases, we notice that DOGMA does not require colinearity between markers, an example
of which can be seen in Figure 4.4. Though a marker pair falls within the designated distance
parameters, we can see that it is not collinear within its region of shared synteny. DOGMA is
checking that consecutive markers are within a certain parameterized distance (see Section 3.1.3),
however in this example, the markers are within the parameterized distance but are not collinear.
It is possible that these are simple translocations of the ortholog in one species or the other and
still warrant the classification of putative ortholog. Future iterations of DOGMA will attempt to
account for these and possibly highlight them for manual review.
Of the 84 reduced orthologs, most of them were simply beyond the distance parameters set and
were placed in the category of reduced orthologs. Interestingly, a few of them, such as the one in
Figure 4.3, were seen as a single marker on the Phaseolus vulgaris map which has both a reduced
ortholog and a putative ortholog. This is not unexpected because, as noted in Section 3.2, Glycine
max has double the ploidy level of Phaseolus vulgaris. It would be expected to find two Glycine
max markers for each Phaseolus marker. These, however were not detected by Ortholuge in the




































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 4.3: DOGMA detected two regions of shared synteny on linkage group 5
of Phaseolus vulgaris to chromosomes 8 and 13 of Glycine max. Also shown is one
marker on the Phaseolus vulgaris map with one putative ortholog to chromosome
13 and one reduced ortholog (red) to chromosome 8 of Glycine max. Markers with
no detected orthologs were removed from this view for clarity of viewing.
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Figure 4.4: DOGMA detected two regions of shared synteny on linkage group
6 of Phaseolus vulgaris to chromosome 15 of Glycine max. DOGMA detects a
non-colinear region as a region of shared synteny.
4.5 Validation
At the time of development of DOGMA, Phaseolus vulgaris had not been completely sequenced. It
has very recently been sequenced as a “preview release” [5]. As such we are able to use it to more
accurately validate the results from DOGMA.
The validation method used to assure the correctness of DOGMA was to use the same species
as in our initial test runs (see Section 4.3) but this time using the completed map and sequence
data for Phaseolus vulgaris. As a control, we perform ortholog detection using DOGMA on the
entire set of data. Then we randomly remove 1000 orthologous sequences of the target species, and
gauge DOGMA’s performance on the results using this reduced set as compared to the results of the
control test. This allows us to demonstrate DOGMA’s efficacy on incomplete data sets. We use this
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validation method to show DOGMA’s accuracy on a complete data set and its ability to maintain
that accuracy on a known partial data set. Further, we also remove an additional variable by staying
within the same type of map; that is, we compare results from a physical mapping control test
against a physical mapping validation test, rather than introduce an additional unknown variable
by comparing against a genetic map such as the one used in Section 4.3.
Both the control and validation runs were performed using distance parameters of 1 000 000bp
for both species. A sample of the control and validation test runs is shown in Figure 4.5.
If we assume that Ortholuge’s results on the complete data set are the ‘correct results’ (we will
discuss this assumption below), we can discuss DOGMA’s sensitivity and specificity. We take the
number of true positives (TP) to be the number of putative orthologs detected by DOGMA that
are also in the set of orthologs detected by Ortholuge. In the control run that number is 13 132.
We take the number of false negatives (FN) to be the number of reduced orthologs detected by
DOGMA which were also in the set of orthologs detected by Ortholuge. In the control run that is
681. By its very design, DOGMA cannot detect more orthologs than Ortholuge, so there cannot be
any false positives (FP), and since Ortholuge does not report results as being ‘not orthologs’ there
also cannot be any true negatives (TN). We calculate the sensitivity of DOGMA as: TP/(TP+FN)
or 13132/(13132 + 681) = 0.951 or approximately 95%, suggesting an error rate of approximately
5% compared with Ortholuge. Since we have no information on true negatives or false positives we
cannot speak to the specificity of DOGMA.
Using the same description of true positives and false negatives for the validation run we arrive
at 12 937 true positives and 668 false negatives. Again calculating for sensitivity: 12937/(12937 +
668) = 0.951 or approximately 95%. This indicates that DOGMA is functioning as well on partial
data as on complete data.
Though these validation data appear promising, the validation results should be considered
inconclusive. Both the control and validation results appear very similar. The structure of the
data sets may be causing this result. There is extensive coverage and overlap of sequences along
both maps, and with the removal of one putative or reduced ortholog, another was detected from
the overlapping sequences. That is, another putative ortholog was found for many of the removed
orthologs. After randomly removing orthologs as detected by the control run, there is no appre-
ciable difference in the number of probable orthologs nor reduced orthologs. Having removed 1000
potential orthologs as detected by Ortholuge, we would have expected to see a total number of
orthologs in the validation run of approximately 12 800, and instead the total reduction was only
208. This indicates that even after the removal of a series of probable orthologs, the initial detection
by Ortholuge did not yield any orthologs that are truly different from the control set. Moreover,
there were no confirmed true negatives, nor a reduction of false positives, since all reduced orthologs
present on the validation run were present in the orthologs detected by Ortholuge on the complete
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set. A test involving multiple systematically constructed reduced data sets is left as future research.
We will briefly discuss the assumption of interpreting the results of Ortholuge as the ‘correct
results’. We believe that it is possible that the reduced orthologs are not DOGMA’s false negatives,
but that they could in fact be Ortholuge’s false positives based on DOGMA’s knowledge of the
orthologs’ mapping related data. Indeed, the detection by Ortholuge does not take into account
the mapping data, and DOGMA has determined that these reduced orthologs do not fall within a
region of shared synteny, providing evidence that they are not actual orthologs. Thus, it is possible
that Ortholuge is not providing the ‘correct results’, but that by adding mapping data to the pool
of knowledge, DOGMA is in fact an improvement on Ortholuge’s sensitivity.
We attempt to prove DOGMA’s ability to detect false positives in Ortholuge’s results when
using partial data sets by artificially creating a paralog in Glycine max and then removing the
real ortholog. Specifically, we copy the sequence from one known ortholog and artificially mutate
it so that it is different from the original, and create a new map marker that is not in the region
of shared synteny. We then removed the original ortholog and all of the overlapping sequences
at its locus; that is, we create a partial data set where the original ortholog is missing, and we
then run DOGMA. The results in Figure 4.6 show us that the one expected reduced ortholog was
detected. This indicates that the paralogous sequence we introduced was detected as an ortholog
by Ortholuge, but was reclassified by DOGMA because if was outside a region of shared synteny.
By its very definition, DOGMA, is no worse than Ortholuge as it does not eliminate any data
that Ortholuge presents, and as shown in the test and validation runs, it was capable of reclassifying
the orthologs as detected by Ortholuge into potential and reduced orthologs. Furthermore, in the
case where an ortholog is missing from the target species, but a paralog is present, DOGMA can
properly classify it as a reduced ortholog. In contrast, it can be improperly classified as an ortholog



































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































































Figure 4.6: DOGMA detects an artificially created paralog as a reduced ortholog.
The reduced ortholog, was created by copying the sequence data, mutating it, and
creating a new map marker for it outside the region of shared synteny. The original
marker was removed from the partial data set.
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Chapter 5
Summary and Future Directions
5.1 Summary
5.1.1 Problem
Researchers interested in examining species with limited genetic data and incomplete maps often
look to related species that have been completely or nearly completely mapped and or sequenced.
While there are several tools that will compare sequence data to find orthologs between two species,
they do not use principles of shared synteny to ensure the correctness of their results. In cases of
incomplete data, we cannot be sure that a detected ortholog is in fact a true ortholog. Regions of
shared synteny can be used to verify the validity of orthologs.
5.1.2 Solution
The pipeline we call DOGMA expands upon the techniques used in other ortholog detection pro-
grams by including mapping data to more accurately describe the detected orthologs. DOGMA first
uses Ortholuge to detect potential orthologs, then uses mapping data for each species along with
user specified distance parameters to filter the potential orthologs into two categories of putative
orthologs and reduced orthologs. Putative orthologs have both sequence similarity and regions of
shared synteny to ensure their validity.
Further, DOGMA allows users to control the level of filtering by providing them with a data
selection tool. This tool performs the filtering stage repetitively and counts the number of putative
orthologs resulting by varying the distance parameters.
Also, DOGMA focuses on species which are not completely sequenced, and improves the use-
fulness of the limited resources allotted to these species by making both sequence comparisons and
map comparisons to model species. That is, DOGMA makes species limited genetic data more
useful than if putative orthologs remained unknown.
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5.1.3 Testing
We tested DOGMA with Phaseolus vulgaris, a species of interest to some legume crop researchers.
The results, described in Section 4.3, are promising. DOGMA was able to successfully detect several
regions of shared synteny incorporating over 120 putative orthologs and lowered a further 84 to the
category of reduced orthologs.
5.1.4 Generality
Though we tested DOGMA on only these species, it is designed to function with any set of closely
related species, with the expectation that results will vary depending on the degree to which the
species are related as well as the amount or completeness of the data present for each species. The
only accommodation that needs to be made for alternate species is an accommodate for the specific
ploidy differences between the species. For example, in the case of Glycine max and Phaseolus
vulgaris, we accommodated for ploidy differences with an ad hoc filtering of pairs of sequences into
one sequence. In this way, we could properly match one ortholog to a pair of matching sequences.
To adapt to other sequences, it would be necessary to perform an analogous filtering depending on
the ploidy levels.
5.1.5 Validation
We validate DOGMA using the same species as the previous test, but using a more complete
set of sequence and map data for Phaseolus vulgaris. The validation indicates that DOGMA is
functional and maintains the same sensitivity level of 95% compared to Ortholuge; however, it is
yet inconclusive as to DOGMA’s exact effectiveness due to the overlapping data noted in Section
4.5. We attempt to prove that DOGMA is capable of properly detecting false positives among
Ortholuge’s results by introducing an artificial paralog and removing it’s true ortholog.
5.2 Future Iterations
Future iterations of DOGMA will account for some scenarios observed in the results that were not
assessed in it’s conception.
Collinearity inside of shared syntenic regions is a necessity by the definition of shared synteny;
however, Figures 4.3 and 4.4 show that some putative orthologs are being detected as part of a region
of shared synteny where they do not follow the correct order on both species. Future iterations of
DOGMA will filter these orthologs based on their collinearity as well as their proximity to other
putative orthologs.
Future iterations of DOGMA will make use of more matured data marshalling techniques.
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Currently, DOGMA requires manual user intervention and customized scripts for each species and
data sets to prepare the data for input into the pipeline. This is due to inconsistencies in the data
structures which are naturally found when using data from multiple sources. It will also incorporate
an algorithm to accommodate arbitrary ploidy differences without a manual pre-filtering step. In
the future, DOGMA’s data marshalling will be capable of managing more varied sets of data
automatically.
5.3 Future Directions
There are several future steps to be taken to investigate and improve upon DOGMA which are for
the time being beyond the scope of this thesis.
As the first of these steps, we will continue investigating the possibility of better defining what
constitutes shared synteny. That is, we would like DOGMA to distinguish, perhaps based on marker
density, areas of synteny without significant manual intervention as is seen during data selection in
Section 4.1. Possibly the distance parameters would vary within a certain range to more concisely
define the regions of shared synteny.
Secondly, when performing detection tasks on species of varying ploidy levels, DOGMA will
use additional ortholog types to indicate levels of synteny. Hypothetically, DOGMA will be able
to detect regions of synteny among reduced orthologs, which should potentially be referred to as
paralogs. DOGMA would differentiate the matches based on the relative strength of the matches
between the orthologs and the paralogs; that is, the paralogs should have a slightly weaker alignment
score. Related to this research question will be a need to investigate the data and DOGMA’s initial
steps to ensure that it detects multiple putative or reduced orthologs in such cases of varying ploidy
levels between the two species.
Thirdly, DOGMA will use the sequence data from the target species that was removed for not
having mapping data associated with it, and compare it against sequence data from the related
species inside of the regions of shared synteny in an effort to determine an approximate location
for these sequences. That is, we will attempt to give approximate map location to sequences of the
target species which have no mapping data available at present.
Also beyond the scope of this thesis is the investigation of a more adequate validation experiment
to ensure the correctness of DOGMA. One possibility would be to use species for which extensive
ortholog data is available, if such data exists, as a control and then test DOGMA verifying that
it’s results are consistent with said data, together with systematically constructed multiple reduced
data sets to properly investigate the effects of having limited data. Furthermore, as DOGMA is a
pipeline for use with arbitrary species, it is necessary to test with a variety of different species to
properly gauge success.
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With DOGMA in its infancy, there are many future steps to be taken, and investigations to
be made. Even so, DOGMA represents a functional and potentially useful tool for researchers
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